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Winning new customers is expensive and the issue of churn or turnover of customers is a serious problem. More
businesses are acting proactively to  forestall losing existing clients by using predictive software to help pinpoint
those likely to defect. Singapore Management University marketing professor Andre Bonfrer is working on a
collaborative research project to develop a predictive model targeted at the subscription-based service sector. The
project also involves marketing professors George Knox (Tilburg University, Netherlands), Jehoshua Eliashberg (The
Wharton School, University of Pennsylvania) and Jeongwen Chiang (Cheung Kong Graduate School of Business,
People’s Republic of China).
Says Bonfrer, “Predictive software is an important part of the customer retention programme. At the heart of such
software is an algorithm that works quickly to provide early warnings about the likelihood of defection of individual
customers. The challenge is to come up with more accurate predictions in the face of tremendous uncertainty
surrounding customer behaviour. Also, the nature of business and customer behaviour differs between the product-
oriented and service sectors, and also between different industries. Hence the difficulty in developing predictive
tools that work well in every situation.” 
In a study by Scott A Neslin and others in 2006, the annual churn rate of the wireless telecommunication industry
was found to range from 23% to 46%. The two main reasons for customer churn are dissatisfaction and lack of need
for the service. With the cost of acquiring new clients many times the cost of keeping customers, retention becomes
the key to survival. Not surprisingly, there is considerable interest from service providers to understand and predict
customer defection. A number of recent papers have also examined the relationship between customer usage rates
and defection from various perspectives.
Bonfrer reiterates that high churn rate was a factor in the project team’s interest to develop a predictive software
applicable to subscription-based industries such as cell phone services, Internet access providers and cable service
providers. These industries have three main characteristics: contractual agreements between the firm and its
customers, acquisition costs for new customers, and availability of large data sets at the customer level. These
large datasets provide a wealth of information, useful for processing by the modelling software to identify profiles of
likely defectors early enough – to allow the company sufficient lead time to take pre-emptive action.
China Mobile
The research team analysed customer data from cellular phone service provider China Mobile which had 55% of the
revenue-based market share for telecommunication services and 287 million subscribers in 2004. According to
Bonfrer: “The data evaluated spanned the period between May 2003 and April 2004. We focused our initial analysis
on a group of customers who made no major price plan changes throughout this period.” This price plan is a
simplified version of the many complex plans we see today, including a 25RMB per month nominal fee and a per
minute usage fee for outgoing and incoming calls, depending on the number called. There is also a usage fee per
SMS message sent and no free calls bundled with the access fee.
Customers in the sample were selected based on three criteria. Firstly, they needed to have some minimal activity: a
daily all-combined revenue averaging above 1RMB, some activity at least one out of three days, and positive price-
plan revenues defined as any billable activity arising from the price plan. Secondly, customers had to be active for at
least 90 days before termination. Thirdly, the customer’s account should not have been suspended frequently due to
non-payment of bills. 
Says Bonfrer: “The service provider’s large database notwithstanding, one key question in summarising the
information culled is to know the ideal usage period on which to base our calculations; for instance should it be over
a week or a month? If usage were aggregated over a larger time interval than a week, say a month, then zero usage
would point to possible defection occurring. But, one has to recognise the tradeoff in finding an ideal balance.” He
adds that if the measurement of usage rates were based on a shorter time interval, management could intervene
more frequently but the prediction risked being premature and and might not always warrant pre-emptive action. On
the other hand, measuring the usage rate over a longer time period could help develop a more accurate profile of a
defector, but at the risk of alerting the management too late to do anything about it.
Elaborating on the background for the project, Bonfrer says the aim is to improve on the shortcomings of traditional
approaches which use lifetime data analysis to model the likelihood of defection. One key difficulty faced by these
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approaches is that predictions require at least some defection events to have already taken place.  As such, they
do not meet the needs of service providers which is to forestall such losses. The unique contribution of Bonfrer and
his team is to recognise that degradation data is often available on individual customers. In other words, it is
possible to identify a customer who will defect simply based on how their usage patterns are changing. 
Customer Lifetime Valuation (CLV)
A secondary, but very important, benefit of the modelling approach used is the ability to not only predict defection
but also to model the likely usage levels of a customer leading up to defection. Based on the model parameters, the
team also developed a process to evaluate customer lifetime valuation (CLV) for the software. This compares
various usage profiles across the customer base and obtains insights into their lifetime values. Thus, the CLV can be
used to identify profitable customers with an attractive usage profile, and allow for allocation of appropriate
marketing resources to service this group.
Says Bonfrer, “We developed two models, one identified as Arithmetic Brownian Motion (ABM) and the other as
Geometric Brownian Motion (GBM) models, which can provide useful diagnostic information based on analysis of the
customers’ usage data. The two models are able to discriminate very well between customers who defect and those
who do not before the actual defection takes effect. Thus, they serve as an early warning system for the service
provider, and offer the capability to predict and provide diagnostic and actionable information concerning customer
churn.”
Despite appearing complex, the modelling procedure is actually quite simple to implement (e.g. using Excel), and the
parameters can be readily interpreted. These practical considerations are important to promote its usage by
managers. In practice, the models can be re-estimated frequently without incurring much cost. Bonfrer explains that
the usage rate of customers is calculated in terms of the number of seconds of cell-phone activity per week. Over
time, the model is able to build up a usage pattern known as a consumption path that is unique for each customer.
The model developed by the team evaluates these consumption paths, finding a correlation between inactivity and
customer defection in what is called a degradation process.
Stayers and Defectors
Says Bonfrer, “Defection is said to occur when usage reaches zero level. Our two predictive models have, therefore,
achieved the first goal which is to have the ability to provide diagnostic information about customer defection. The
second goal is the ability of the model to use other variations to predict defection and distinguish the stayers and
defectors in time for the company to act to retain the likely defectors.”  
To realise the second goal, the modelling software took into account two parameters related to usage, namely drift
and volatility. Drift refers to the change over time of the usage rate whereas volatility reflects the peaks and
troughs in usage. Using both ABM and GBM models to process these two parameters provides companies with a
novel way to view their customer base. The objective here is not just to provide a diagnosis of each customer’s
usage path up to the point of defection, but also to predict who will defect and when they will defect.
Both models shed some light on stayers and defectors; on average defectors have a lower drift than stayers. For
the ABM model, stayers and defectors have roughly the same volatility, whereas for the GBM model defectors have
significantly higher volatility than stayers. Both models reveal the importance of volatility parameters at the
individual level. Says Bonfrer, “One conclusion that emerged is distinguishing defectors through the volatility
parameter which, on average, is greater for defectors than stayers. Results from both models revealed that the drift
parameter was shown to be less indicative of defection.”
Overall, the team views simplicity -- both in estimation and interpretation -- as an important strength of the models
developed, says Bonfrer. He does sound a word of caution, however, regarding a couple of limitations. “Firstly, our
model is predicated on a causal link between declining usage and defection. If no such link exists, we would expect
the performance of the models under consideration to decrease. Secondly, we have no information on competitive
offers, a problem shared with many papers dealing with transaction data. Of course, the model is silent on why the
customer defects, but that was never the focus of the model building exercise in the first place.”
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